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Transformer Fault Diagnosis Based on WGAN Data Augmentation and ISSA-SVM

ZENG Xiangiang, LIANG Jia, LIU Zhongmin, LI Hengjie
(School of Automation and Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: The imbalanced transformer fault samples and the tendency of fault diagnosis models to fall into local optima
may degrade fault identification performance. To address the issues above, this paper proposes a transformer fault diagno-
sis method that integrates a Wasserstein generative adversarial network(WGAN) with a support vector machine(SVM)
optimized by an improved sparrow search algorithm(ISSA). First, a WGAN-based data augmentation strategy is em-
ployed to expand the sample set and mitigate class imbalance. Second, Logistic chaotic mapping, a random walk strategy,
and an adaptive firefly algorithm are introduced to improve the standard sparrow search algorithm(SSA), thereby enhanc-
ing its parameter optimization capability. The improved algorithm is then used to optimize the key parameters of SVM,
and an ISSA-SVM fault diagnosis model is established. Finally, fault diagnosis experiments are conducted on the
WGAN-augmented dataset. The experimental results show that the proposed method maintains high diagnostic perfor-
mance under imbalanced sample conditions, achieving a diagnostic accuracy of 96.60%, outperforming the SSA-SVM
model and other data balancing methods.

Key words: transformer; fault diagnosis; class imbalance; WGAN; improved sparrow search algorithm; support vector
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WHE 5x107°, Apids 2 = — 45 FUph 2 M 2%
(Convld), #EH—MZELLI FRFEZHM, Y
JZ IS PR BN LeakyRe LU, it J2 WO BRECH
Tanh, Convld 1)K (stride) FI3HE 72 (padding) 5] ¢
BN, HIRERIMNH 3 EeERE, RBEERE
I BN LeakyReLU, fithJZ 245 Sigmoid 0
H, B AEMIER 2 FR.
# 1 One-Hot ZRfid2: 3

Table 1  One-Hot encoding results

BATIRAS Hr-gmhg One-Hot Zwh%
PRI I # 1 (1,0,0,0,0,0)
TR 4 2 (0,1,0,0,0,0)
VEE G 3 (0,0,1,0,0,0)
KRB 4 (0,0,0,1,0,0)
TR RE I 5 (0,0,0,0,1,0)
F# 6 (0,0,0,0,0,1)

F 2 WGAN B 2 254
Table 2 WGAN model architecture

I 245 4l WO R
Linear(Z— 128> #) 4 & )+Reshape None
BatchNorm1d(128) None
Upsample(scale factor=2) None
A Conv1d(128,128,3, stride=1, pad- LeakyReLU
ding=1)+BatchNorm1d
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BatchNorm1d
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Linear(256—128) LeakyReLU
Linear(128—1) None
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Fig.1 Network architecture diagram of the WGAN model
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Fig.3 Confusion matrix of the fault diagnosis results
3.2 ISSA Fttaeid
N IR IE SO PR AR 1 R SR SRR RS, EH
Ackley HriENNR B HH PSO. GA. SSA LLK ISSA
BEAT R BN b Ackley BRERIEAN:

1 30 )
f(x)=—206xp[—0.2 /%;xl. ]—

30
exp (%Zcos@nxi)] +20+¢

i=l1

(16)

# 3 WGAN-ISSA-SVM &M Fa b7
Table 3 Performance evaluation metrics for the

WGAN-ISSA-SVM

PN TRRR
e — —
FEHHER/% R EELA Fi/% HERZR/%
1 97.96 94.12 96.00
2 96.00 100.00 97.96
3 97.96 9231 95.05
96.60
4 94.55 94.55 94.55
5 93.88 100.00 96.84
6 100.00 100.00 100.00

A x FoRE | fERHL R e NEARFH

MR B 4 1115, 78 Ackley J:AE ok Zemid #2
GA 5 PSO SANSCHE LM%, SSA SHIkfEH 152
VORI FFUE SR, 17 ISSA BVELERAR 72 YA &k
AR CLNE

10°

1 O(J
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H b b U
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IEAREL

K4 ARREEZ A

Fig.4 Comparison of different optimozation algorithms
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Fig.5 Diagnostic accuracy of ISSA-SVM based Fig.8 Diagnostic accuracy of ISSA-SVM based
on the original dataset on WGAN-augmented data
6 o HmmE o d——— 3.4 EEREFEEEER
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Fig.6 Diagnostic accuracy of ISSA-SVM based
on SMOTE-augmented data
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Fig.7 Diagnostic accuracy of ISSA-SVM based

on GAN-augmented data

HPLTHE 92.73%, HECT SSA #2711 3.84%, F
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Table 4 Comprehensive comparison results

of the models

e ] WEHR/%  KHR%  BEZF% /%
SVM 70.37 72.63 68.89 68.21
PSO-SVM 85.19 85.05 85.94 84.93
GA-SVM 87.04 88.27 87.04 86.99
SSA-SVM 88.89 90.91 89.72 89.68
TS-SSA-SVM 88.89 89.08 89.03 88.64
MSSA-SVM 90.74 92.14 88.96 88.95
ISSA-SVM 92.73 93.89 93.17 93.14
SMOTE-ISSA-SVM 92.15 92.24 92.44 92.33
GAN-ISSA-SVM 93.88 93.39 94.13 93.67
WGAN-ISSA-SVM 96.60 96.72 96.83 96.73
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et WGAN-ISSA-SVM HEA )25 & 1 RE s AL
HERRILE] 96.60%, FE#IZF. HIEIFRM Fi{E5)
W 96.72%. 96.83%F1 96.73%, T HAbxfHL
BARY, HE—PIONE T A SO O A TE 12 T
25 T A I AR et

4 g

BN AR s 45 WAL A AR A ST A7 B g o AR ) A Y
G R AL i, R T — T WGAN
0 5 5O PR A2 4 R S VR (ISSAY IR AL S FR [ 2 AL
(SYM) B2 I 7770 ARSI UE T BT i 77 v
AR, 45T

D fERGHARE T, Frtyii) ISSA-SVM 4
RIERERf S WS, AL FESE LR
br b, BT PSO-SVM. GA-SVM, MSSA-SVM,
TS-SSA-SVM F1J5i#5 SSA-SVM Z550F Ly, 220
Jir ISSA Tk FF I BB G A &5
MRS SlcRE 1 Az A RE -

2) 7F ISSA-SVM HAY LAl 5] X WGAN #HAT
Huignn e, BATERERE— DRI, HERIR. RS
G EEF FE SR T 3.87%.2.83%.3.66%
1 3.59%. FHEL T 40E KA SMOTE £ # GAN
RIS, A SCVEAE S WU by S A
SESL, QIR T FLAE A HR A R A AN ST ] R
A SR E P

3) BT WGAN FREAS I 5 77 1A 2L
Gl | MUEREAA AT IR R, B AR DR
U g HER PR [FIRT, @it 5] Logistic VR
S BENLIEE RIS 5 F & R K REE, X SSA
EAT TR B, BERT TR AR R
NERSE. LmaREH, WGAN 5 ISSA (1)
Rl WS E ST+ AR TR AR W R S Bk B S H R
THIF B B G 1 T34 o7 A R 7 P 7 5
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